Active noise suppression for applications where the system response varies with time is a difficult problem. The computation burden for the existing control algorithms with online identification is heavy and easy to cause control system instability. A new active noise control algorithm is proposed in this paper by employing multiple model switching strategy for secondary path varying. The computation is significantly reduced. Firstly, a noise control system modeling method is proposed for duct-like applications. Then a multiple model adaptive control algorithm is proposed with a new multiple model switching strategy based on filter-u least mean square (FULMS) algorithm. Finally, the proposed algorithm was implemented on Texas Instruments digital signal processor (DSP) TMS320F28335 and real time experiments were done to test the proposed algorithm and FULMS algorithm with online identification. Experimental verification tests show that the proposed algorithm is effective with good noise suppression performance.
Introduction
Nowadays noise cancellation becomes more and more important for industrial applications such as engines, blowers, fans, transformers, and compressors [1] [2] [3] [4] [5] [6] . The traditional passive noise cancellation techniques using sound absorbent materials can suppress high-frequency acoustic noises effectively, usually higher than 500 Hz [7] . But, they are ineffective or tend to be bulky for low frequency cases. Meanwhile the passive noise control equipment is relatively large and expensive. In contrast with the passive noise suppression methods, active noise control techniques have excellent low frequency characteristic, with potential benefits in size, weight, and cost [8] .
The idea of active noise control using a microphone and loudspeaker was first proposed in a 1936 patent by Lueg. In the 1980s, the development of solid state electronics and digital signal processing technologies enabled low-cost implementation of powerful adaptive algorithms and encouraged widespread development and application of active noise control systems. While the characteristics of the noise source and the acoustic environment are time varying, an active noise control system is required to track these changes and uncertainties. In particular, the secondary path between the loudspeakers and error sensors is time varying as the temperature and noise propagation condition would vary even though the noise source does not change. So in most actual applications, simultaneous secondary path identification should be done.
Various algorithms can be used for this purpose depending on the problem setting and the allowed computational complexity. The most famous one is Filtered-x Least Mean Squares (FxLMS) algorithms, which is proposed by different researchers independently. Several theoretical developments and successful applications are documented in the related literature [3, [9] [10] [11] [12] [13] . FxLMS is used to adapt FIR filter coefficients of a controller; however the IIR adaptive filter is preferred in case the optimal controller has one or more poles close to the unit circle which may yield a very lone FIR optimal controller. In case the plant to be controlled contains intrinsic acoustical feedback especially and the optimal controller might contain unstable poles, it is even impossible to use an FIR adaptive filter to do optimal control without reducing the bandwidth of the controller. Many adaptive online identification methods are reported [14] [15] [16] [17] [18] . A functional-link-artificial-neuralnetwork-(FLANN-) based multichannel nonlinear active noise control (ANC) system trained using a particle swarm optimization (PSO) algorithm suitable for nonlinear noise processes is proposed in [19] . A novel online secondary path modeling scheme based on the Generalized Levinson Durbin (GLD) algorithm is proposed in [20] . A new adaptive strategy based on fractional signal processing is proposed using multidirectional step size fractional least mean square algorithm for online secondary path modeling in [21] . A simplified subband ANC algorithm without secondary path modeling is proposed in [22] . But most of them could not be applied to the cases while secondary path varies rapidly and not suited for multiple input multiple output applications with too many unknown parameters.
To solve these problems, a new adaptive multiple model switching control algorithm is proposed. The paper is organized as follows: Section 2 introduces the active noise control system modeling method for duct-like applications. Section 3 introduces the FULMS algorithm. Section 4 proposes a multiple model switching strategy. Section 5 gives the real time test results. Section 6 comes the conclusion.
Active Noise Control System Modeling for Duct-Like Applications
Schematic diagram of active noise control system for a ductlike application is shown in Figure 1 . The sound incident from the left noise source is picked up by the microphone and after some processing by the active noise controller, this signal is fed to the secondary sources (loudspeaker) such that to the right side the primary signal and the additional signal cancel each other. The noise source is located at 0 from one end of the duct, and an error sensor is located at 3 from the other end of the duct. The secondary source is located at 1 form the noise source. The pressure reflection coefficients in two ends are 1 and 2 , respectively. The primary path between the noise source and the secondary source is ; the secondary path between the secondary source and error sensor is . According the steady state travelling wave theory, the frequency response for secondary path and the primary path can be obtained as follows:
Here is the electroacoustic transfer function of the noise source, is the electroacoustic transfer function of the secondary source, and is the electroacoustic transfer function of the error sensor.
is the directivity factor of the noise source, is the directivity factor of the secondary source, and is the directivity factor of the error source. = / , in which is angular frequency and is sound speed. For -transform,
Here, is the integer near to / ; here is sampling frequency of the control system; is the sound speed. = 2( 0 + 1 + 2 + 3 ); while the sound speed changes with time, the whole system becomes time varying.
Unfolding (2),
FULMS Algorithm
A block diagram of an adaptive IIR ANC system using FULMS algorithm is illustrated in Figure 2 . The output signal of the IIR filter ( ) is computed as Figure 2 : Schematic diagram for a duct-like application.
Random noise Here, a( ) = [ 0 ( ) 1 ( ) ⋅ ⋅ ⋅ −1 ( )] is the weight vector of ( ) and b( ) = [ 1 ( ) 2 ( ) ⋅ ⋅ ⋅ ( )] is the weight vector of ( ). And FULMS algorithm can be adopted to find the optimal set of these coefficients:
Herê( − 1) =̂( ) * ( − 1). Figure 3 .
Most of current researches are involved in online identification. A schematic diagram of FULMS algorithm with online identification is shown in
Zero-mean white noise V( ) is used to drive the secondary source. Estimated̂( ) is used in parallel with the secondary path but only with a white noise input. The adaptive filters are updated using FULMS algorithm. After algorithm convergence, the residual noise will perturb the coefficientŝ( ) and result in a misalignment:
Here,̂( ), ( ), = 0, 1, . . . , − 1, are the impulse response of̂( ), ( ), respectively. Here means mathematical expectation. means variance. is adaptive step size.
Multiple Model Switching Strategy
Multiple model adaptive control is a control strategy that can identify and adapt system changing characteristics. Multiple model strategy has an advantage over single model schemes because it selects the most suitable model among finite set of possible models. The computational burden does not much increase even though the number of channels increases. The block diagram of the proposed multiple model switching strategy is shown in Figure 4 .
The residual error for -th model is
The power of the -th error can be used to select thê( ):
Here is forgetting factor. is time index. Model bank contains a fixed model bank for estimation of ( ). The identified model is fed to the block of̂( ), which is used to filter ( ). LMS algorithm is employed to adjust the weights of filter A and filter B.
The model which has the minimum residual power is selected as current̂( ). The algorithm procedure can be shown as follows:
(1) Constructing a model bank with m fixed models 
Experimental Tests and Results
To test the proposed algorithm, a test experimental platform is constructed using a 10-meter duct with two loudspeakers, two microphones, and an acoustic rate sensor. One loudspeaker is used to generate noise while canceling noise channeled through the other speaker. A microphone is placed in cancellation zone to pick up the resultant noise signal. The control paradigm is implemented on a Texas Instrument TMS320F28335 Digital Signal Processing chip. The experimental platform schematic diagram is shown in Figure 5 . The sampling frequency is 10000 Hz. = 0.001 and the length of adaptive filters is 24. At first, sound speed is measured for various conditions using the acoustic rate sensor, and minimum value is 325 m/sec and the maximum value is 355 m/sec. Six fixed models are used to construct the model bank, and one model calculated using the current measured acoustic rate is used as the reference model to value the model switching performance. To accelerate the experiment, rather than waiting for condition change, an air conditioner is employed. The duct parameters are shown in Table 1 . Two paradigms are tested on the experimental platform. The first one is the FULMS with online identification algorithm, while the model change rate is not so fast (the air conditioner changes slowly). The control performance is shown in Figure 6 . It is clear that while the model change rate is slow, the control performance of FULMS algorithm with online identification is still acceptable. While the air conditioner changes fast, the control performance can be shown in Figure 7 . The FULMS with online identification cannot assure the satisfactory control performance any more.
To test the performance of the proposed multiple model switching control algorithm, several experiments were done. The first experiment is designed to find a suitable memory length, three cases are listed in Figure 8 , the memory length in Figure 8 (a) is 100, the memory length in Figure 8 acoustic rate, and it is rounded to the six fixed models. As shown in Figure 8 , while the memory length is too short, the model switching is too fast and will cause instability. While the memory length is too long, the switching is too slow, and the model change rate is larger, it would also cause instability. The final control performance of our multiple model switching FULMS algorithm is shown in Figure 9 . The proposed algorithm could guarantee a satisfactory suppression performance while the secondary path changes.
Conclusion
A novel active noise control algorithm is proposed in this paper by employing multiple model switching strategy for secondary path with noise control system modeling method for duct-like applications. Real time experiments were done. The experimental results show that the proposed algorithm has good noise suppression performance while the secondary path changes. The transient process of multiple model switching needs to be analyzed for nonlinear applications.
